Abstract
in their native coordinate (z-level coordinates) performs best because converting observa-23 tions into isopycnal coordinates is strongly non-linear which reduces the efficiency of the 24 assimilation. Secondly, we investigate how to set the horizontal localisation radius for our 25 system. A radius that varies with latitude following a bimodal Gaussian function fits the 26 system well. Thirdly, we estimate observation error, which consists of both instrumental 27 error and representativeness error. In the proposed formulation only the instrumental error 
104
When a layer's potential density falls outside the range of its reference densities in the water 105 column, it becomes empty or massless. The model uses a bulk surface mixed layer that is divided 106 into two layers with freely evolving density. The first isopycnal layer (below the mixed layer) 107 4 is not required to stay close to its prescribed reference potential density. A diapycnal diffusion scheme adjusts the isopycnal layer's potential density to its reference potential density when the 109 two differ by exchanging water with adjacent layers. For further model details see Bentsen et al.
110
(2013).
111
In this study, the atmosphere component CAM4 has a horizontal resolution of 1.9
• 
where the subscript 'a' denotes analysis, y is the observation vector, H is the observation operator 137 that maps model states to the observation space and H is the tangent linear operator of H. The
138
Kalman gain K is defined by
where P f is the forecast error covariance matrix estimated by the ensemble perturbations:
and R is the observation error covariance matrix.
141
We do not expect that using the traditional EnKF changes any of the conclusions of this 142 paper. Therefore, in the following we do not distinguish the DEnKF from the traditional EnKF
143
(hereafter the EnKF). problem of the EnKF-z can be formulated as follows:
T-S profiles via the equation of state for seawater (ICES et al., 1981 
where F ρ stands for the operator converting z-level coordinate observations into isopycnal coor-
198
dinates, x stands for DP when assimilating layer thickness 'observations' and consists of T and
199
S when assimilating T and S observations.
200
In EnKF-ρ, the observations of T-S profiles are "superobed" so that there is at most one local domain. We identify the localisation radius that best fits our system in section 4. 
245
In order to have a broader overview of the two schemes, we test them for several idealised 
249
The original dataset (EN4 objective analysis) from which the synthetic datasets are con-
250
structed is provided at 42 standard depth levels with a higher discretisation near the surface.
251
The low resolution uses only half of the original levels of the truth (42 z-levels) and is re-252 ferred to as 21 z-levels; the medium resolution (referred to as 42 z-levels) uses all z-levels 253 of the truth, and the high resolution has 210 z-levels (referred to as 210 z-levels) that are 254 computed from the truth using cubic Hermite spline interpolation.
255
• Many instruments measure only temperature (e.g., the Expendable Bathythermograph,
256
XBT). Thus in the second case, we assume that only observations of T are available and is not necessary with EnKF-z, we assimilate it to ensure that the two schemes are directly 264 comparable.
265
• Many instruments are capable of measuring only the upper ocean (e.g., Argo and XBT).
266
Thus in the third case, we consider observations of T and S only in the upper 1000 m
267
(referred to as < 1000 m).
268
Experiment labels distinguish the vertical coordinate system used for assimilation. For example, Arctic, while EnKF-ρ seems to perform better than EnKF-z in other regions. improvements both for T and S. We find that the dataset T only leads to similar results to the 287 dataset 42 z-levels (T and S observations). The benefit of DA for S in the upper 1000 m is 288 mostly due to S climatology and the benefit of DA for S below 1000 m is due to T observations. is found that EnKF-z outperforms EnKF-ρ.
292
When observations are limited to the upper 1000 m (Fig. 3 lower panels EnKF-ρ once again.
303
The main conclusion of this section is that both schemes are found to be quite successful 304 for assimilating hydrographic profiles. Although there are regional differences in performance, coordinates performed best for both T and S. In that region, we find that EnKF-z performs 314 better than EnKF-ρ for T but both schemes lead to similar scores for S.
315
The relative performance of the two schemes is rooted to the non-linearity of the observation with the model space, ensemble size and observation spatial distribution.
334
In this section, we investigate the choice of the horizontal localisation radius for NorCPM.
335
A common and simple way to estimate this radius is to assume that the errors have isotropic to obtain L h samples (about 53 × 400 samples) for both T and S. Based on these L h samples,
349
we will investigate whether the localisation radius varies with latitude under the influence of the
350
Coriolis force or with depth.
351
We first investigate whether the localisation radius varies with isopycnal layer (in the vertical).
352
This is somewhat expected because when we go deeper the structure of the dynamics gets larger
353
(less energy input and weaker stratification). Figure 4 shows the mode (maximum probability where a largeL h is found, but this estimation suffers from sampling issue. found that there is significant spatial variability in the representativeness error of T-S profiles.
385
The representativeness error is often larger than the instrumental error, particularly in the strong 386 mesoscale variability regions.
387
In this paper, we estimate the total observation error variance of T-S profiles using the cycle. An ensemble forecast system is reliable, if the truth and the ensemble members can be 393 considered to be drawn from the same underlying probability distribution function (PDF) at any 394 given time. However, it is impossible to verify such definition of reliability for all cases (Mur-395 phy and Winkler, 1987). In practise, an ensemble is defined to be reliable, if a given observed 396 event which is forecasted with probability p occurs on average over time with the empirical 397 probability p.
398
We consider a time series of N ensemble forecasts with an ensemble size of m for each grid 399 cell. For the ensemble forecast at time j for a grid cell, the ensemble {x 
where the first term in the right side is the observation error with variance (σ 
where σ 2 o is the expected value of observation error variances and σ 2 f is the expected value of 411 forecast error variances. We define an unbiased estimator of observation error variance Φ from
412
Eq. (11) as follows:
A similar ensemble-based technique was proposed for the reliability budget in Rodwell et al.
414
(2016) and is used for the reliability validation of our system in section 6.
415
In this paper, instead of using the forecasts from the ensemble simulation with suboptimal In this section, we test the behaviour of our system when assimilating T-S hydrographic profiles.
433
This experiment is based on the settings that were found optimal in previous sections; namely 434 we use the EnKF-z (section 3), the localisation radius varies with latitude (section 4) and the (assimilated dataset) and we ensure that the system shows accuracy with time and also that the 441 stochastic system is reliable. If the system is well calibrated, it shows no degradation with time.
442
The validation with unassimilated data will be performed in future work on long-term analyses. 
Accuracy

444
We estimate the accuracy of the system based on the RMSE and bias (appendix A) of the 445 monthly ensemble mean against the assimilated data. Figure 6 shows the time evolutions of bias obtain the reliability budget from Eq. (11)
where R j is the observation error variance related to the observation y j and r is the residual.
461
If the ensemble anomalies/perturbations represent correctly the forecast error variance (reliable 462 ensemble) and if the observation error variance is correctly set, the residual r would converge to 463 zero when N → ∞.
464
In this paper, we verify the reliability for the period of 2006-2010, since the system needs 465 about 5 years to converge to a stable performance (Fig. 6 ). The colours in Fig. 7 represent the 466 residuals r for T and S at depth 200 m and 1000 m. We apply a statistical significance test on the 467 residual r to verify the reliability of our system. The model bias is assumed to be constant and that the significance test is not performed for samples less than 10 (white colour in Fig. 7 ). predictions. Only the reanalysis capability of the system is investigated in the paper.
482
First we tested whether it is more optimal to construct the innovation vector in the observa- Thirdly, we estimated the observation error variance for T-S profiles using the ensemble 505 technique of Karspeck (2016) so that the reliability of the system was preserved. to perform long-term reanalyses and seasonal-to-decadal predictions.
522
In this paper, we only verified the implementation of assimilation of T-S profiles for reanalysis 523 purpose. For future works, we will use NorCPM to perform long-term reanalyses and seasonal-to- 
where w i is the area-weight related to the area of grid cell a i and is defined by
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